The main goal of this study is to introduce the Archimedean copulas, which overcome the low accuracy and subjective nature of the traditional double mass curve method, to investigate the precipitation-runoff relationship (PRR) and detect change points in the Weihe River Basin (WRB). With the construction of a joint distribution between precipitation and runoff by the Archimedean copulas, a statistical variable considering the distribution parameter was estimated to judge the change point of the PRR. The results show that: (1) annual precipitation and runoff present decreasing trends that are significant and insignificant, respectively, at the 95% significance level, while annual potential evapotranspiration (PET) increases slightly; (2) change points of the PRR occurred in 1971 and 1994; (3) the annual runoff changed more dramatically than precipitation during the periods from 1972 to 1994 and 1995 to 2010 compared with 1960-1971, which indicates that in addition to precipitation, there are some other non-precipitation factors that are responsible for the change in the PRR; and (4) the contributions to runoff from human activities declined from 1972 to 1994 (84.15%) and 1995 to 2010 (57.16%). These results suggest that human activities (e.g., irrigation, reservoirs, water-and-soil conservation) were the primary driving forces leading to changes in the PRR in the WRB.
INTRODUCTION
The precipitation-runoff relationship (PRR) is an important issue in engineering hydrology, water resource planning and management, and watershed system evolution (Areerachakul & Junsawang ; Nourani et al. ; Wang et al.
).
It is widely known that the global environment has undergone a drastic change over the past century, increasing et al. ); however, the cross wavelet spectrum and wavelet transform coherence were better for analyzing the periodic properties of two time series and failed to identify the change point(s) of the relationship between the two series. Wang et al. () applied the correlation coefficient to detect the change point of the PRR. Although this method was able to estimate a linear relationship, it was unable to handle non-linear relationships (such as the PRR) because it ignores the structure of the dependence. To avoid these restrictions of the methods mentioned above, the Archimedean copulas (Huang et al. ; Jiang et al. a) were introduced to resolve the structure change of the PRR in this study. This method was chosen primarily because of its ability to accurately catch non-linear and asymmetric correlation characteristics between variables.
There have been a number of studies on changes in precipitation and runoff worldwide. Mwale et al. () found that precipitation variability accounted for some runoff variability; however, on its own, it was insufficient for describing catchment runoff variability in southern Alberta and parts of northwestern Alberta. Yang & Tian () showed that intensive human activities, especially agricultural water use, resulted in significant runoff change points, while they had little impact on precipitation in the Haihe River Basin. Zhang et al. () found that annual precipitation declined more than runoff in the downstream of the Huaihe River. All of these studies indicate that the changes in runoff and precipitation are asynchronous, and that the response of runoff to precipitation varies in response to a changing environment. Partal () showed that variability of both the runoff and the precipitation is generally similar over time, with a noticeable decrease in runoff at all of the stations in the Aegean region of Turkey. however, previous studies have mainly focused on the changes in a single hydrological factor (e.g., runoff, precipitation, temperature). In recent years, the response of runoff to climate variability and human activities has also become a focus of research in this region (Du & Shi ; Chang et al. ; Jiang et al. b) . However, there have been few studies regarding the law of water recurrence under the changing environment and the relationships between hydrological variables, such as precipitation and runoff.
The Weihe River is one of the most important industrial and agricultural production zones in China, and has presented a complicated PRR under the changing environment.
Furthermore, water issues in this region have had a negative impact on societal and ecosystem development. The main purposes of this paper are to: (1) detect the structure change of the PRR; (2) Nations and is considered to be the most effective method for estimating PET. The specific calculation formulas used are from Zuo et al. () , which can be expressed as:
where PET is PET (mm/day), Δ is slope of saturated vapourpressure curve (kPa/ W C), Rn is net radiation at the crop surface (MJ/(m 2 ·day)), G is soil heat flux (MJ/(m 2 ·day)), γ is psychrometric constant (kPa/ W C), T is mean daily air temperature at 2 m height ( W C), μ 2 is wind speed at 2 m height (m/s), e s is saturation vapour pressure (kPa), e a is actual vapour pressure (kPa) and e s À e a is saturated vapour pressure deficit (kPa).
The Archimedean copulas
For the joint function, given that we have n vectors of observations that can be notated (
and G(y) are continuous, then there is a unique two-dimensional joint function C θ u, v ð Þ, which is expressed as:
where C θ u, v ð Þ is the copula function, θ is the parameter to be estimated, and u and v are the marginal distributions for F(x) and G(y), respectively.
In hydrology research, Archimedean copulas are popular because of the explicit functional forms, including the Clayton, Frank, and Gumbel-Hougaard copulas, are flexible and allow for differences in tail behavior. As shown by Genest & MacKay () , the relationship between the Kendall correlation coefficient τ and the generator of Archimedean copulas (φ(t)) is:
The expression of the Kendall correlation coefficient τ and the parameter θ of the three copula functions are shown in Table 1 .
To build a model of joint distribution on runoff and precipitation, the first step is to obtain an appropriate marginal distribution. In this paper, the generalized extreme value distribution (Gev), logarithmic normal distribution (Logn), and gamma distribution (Gam) were applied to fit the marginal distribution. To identify an appropriate marginal distribution, we utilized root mean square error (RMSE) and
Akaike information criteria (AIC) to evaluate distributions.
The RMSE (Equation (4)) is expressed as:
where MSE is the mean square error, n is the sample size, x c is the theoretic frequency estimated by marginal distribution or joint function, and x 0 is the empirical frequency for singleor two-dimensional variables estimated by the Gringorten plotting-position formula (Equations (5) and (6)). This formula is expressed as: 
where P is the empirical frequency when X x i (Equation (5)), or X x i and Y y i (Equation (6)). i is the ith smallest observation in the dataset arranged in ascending order.
P X x i , Y y i ð Þis obtained by arranging (x i , y i ) by either x i or y i , and N ml is the number counted as x j x i , y j y i ,
Due to the numerous model parameters, the lack-of-fit
and unreliability of the model are the two parts of the AIC, which can be expressed as:
Additionally, it can be expressed as:
Thus, the appropriate u and v can be obtained through the two evaluation indices.
Based on the appropriate u and v, the second step is to estimate the parameter θ of the three copula functions by the relationship of the Kendall correlation coefficient τ and the parameter θ (Table 1) .
Finally, the joint distribution model is built and the RMSE and AIC indices are again applied to identify the appropriate copula function.
Change point detection based on Archimedean copulas
The joint distribution is defined as:
Following Equation (9), the density function can be written as:
where f(x) and g(y) represent the density functions and C 12
can be presented as:
The maximum likelihood estimation for the parameters is:
Assuming that only one change point exists, the original and alternative hypotheses of the proposition are:
If the original hypothesis is rejected, the change point occurs at the position of k*. When k* ¼ k, the log likelihood ratio statistic by the maximum likelihood estimation of the joint function can be presented as:
log C 12 (λ n ; F(x i ), G(y i )) 2 6 6 6 6 6 6 6 4 3 7 7 7 7 7 7 7 5
where λ k , λ k Ã , and λ n are the maximum likelihood estimations of parameter λ.
If
k* is unknown and the statistic
is large, the original hypothesis H 0 can be rejected (i.e., there is a change point) (Ye & Miao ) . According to the likelihood ratio test methods, the asymptotic distribution of Z n obeys the χ 2 1 ð Þ distribution.
The threshold of the Z n statistic for rejecting the original hypothesis is based on Dias (). The time estimation of k * is shown as:
The process of change point detection can be briefly summarized as follows:
•
Step 1: Select the appropriate marginal distributions for monthly precipitation and runoff.
Step 2: Estimate the parameter θ of the joint function and establish the joint function for u and v.
Step 3: Estimate the log likelihood ratio statistic À2 log ∧ k by Equation (14).
Step 4: Judge the change point by Equation (15).
If multiple change points exist, the binary segmentation method would be applied to detect the change points between multiple variables. This scenario includes the following: (1) the existence of a single point between the original time series that is detected by the method mentioned above; (2) if no such point exists, the original hypothesis should be accepted; otherwise, the original time series would be divided into two subsequences, and each of them is subject to continued detection; and (3) the process is finished when there is no change point for every subsequence.
Attribution analysis by climate elasticity approach
Runoff change is the consequence of a combination of climate change and human activities, which can be expressed as:
where ΔQ can be obtained by the observation data of a hydrometric station (i.e., ΔQ ¼ Q obs,2 À Q obs,1 where Q obs,1 and Q obs,2 are the runoff before and after the change point, respectively). ΔQ C and ΔQ H are the runoff increment induced by climate change and human activities, respectively. ΔQ P and ΔQ PET are the runoff increments induced by changes in precipitation and PET, respectively. All of these calculations are based on the assumption of mutual independence, which is impacted by climate change and human activities, thus leading to incremental runoff.
The climate elasticity of runoff may be defined as the proportion of the change in runoff (Q) against the change in a climatic variable such as precipitation (P). Thus, precipitation elasticity of runoff is defined as (Liu & Cui ):
Based on this, Liu & Cui () have provided estimators to obtain precipitation and PET elasticity of runoff in the Yellow River Basin:
where ρ Q,PET ÀP and ρ Q,PÀPET are the partial correlation coefficients of precipitation and PET with runoff, and CV Q , CV P , and CV PET are the variation coefficients of runoff, precipitation, and PET, respectively.
Hence, the impact of climate changes and human activities on runoff (ΔQ C and ΔQ H , respectively) can be expressed as:
The contribution rates from climate changes and human activities to runoff reduction (C C and C H , unit: %) are:
RESULTS

Trends in annual hydro-meteorological variables
Long-term variations of annual runoff, precipitation, and PET For monthly precipitation, there is an insignificant upward trend in January, February, June, August, and December; however, precipitation in the remaining months presents a downward trend. In particular, precipitation in April and
November has a significant downward trend at the 95% significance level. Although annual PET is increasing, the PET in January, June, July, and August decreases but is not statistically significant. The PET in April showed a statistically significant upward trend from 1960 to 2010.
Detection of PRR change points
Selection of the appropriate marginal distribution
As introduced in the section 'Change point detection based on Archimedean copulas', the Gev, Logn, and Gam distributions were used to fit monthly precipitation and runoff with little difference among the three marginal distributions (Figure 4 ). To obtain a better marginal distribution, the RMSE and AIC for monthly runoff and precipitation were calculated and are listed in Table 2 . It can be easily seen from Table 2 that the Gam and Logn distributions are the more appropriate marginal distributions because of the smaller RMSE and AIC.
Selection of the appropriate copula function
The frequency obtained by the joint distribution model
shows that the correlation coefficients of the Clayton, Frank, and Gumbel-Hougaard copula-based calculation probability distributions, and the empirical probability distributions are both above 0.99 ( Figure 5 ). Thus, there is little difference between the three joint functions modeling monthly runoff and precipitation.
Therefore, the RMSE and AIC were again applied to select the appropriate joint distribution model, and as a result, the Gumbel-Hougaard copula was chosen (Table 3) .
Change point detection
Zn was calculated by Equations (14) and (15) 1971, 1983, 1994, and 2003 . We also applied the double mass curve method in the WRB and were unable to accurately judge PRR change points, showing that the validity of this method is limited in the WRB (Figure 7 ).
The judgment of PRR change point(s) is clearly subjective and displays uncertainties (Figure 7) . In contrast, determination of the change point(s) by the method based on the Archimedean copulas is accurate and reliable.
Change in PRR
Time series of precipitation and runoff were divided into three stages separated by the change points in 1971 and 1994, representing natural (1960-1971) and impacted periods (1972-1994 and 1995-2010) . The PRR is the lowest from 1995 to 2010, followed by 1972-1994 and then 1960-1971; this implies that runoff yield increased from 1995-2010 to 1972-1994 to 1960-1971 at the same annual precipitation (Figure 8 ). For example, when annual precipitation was 600 mm, annual runoff yields were approximately 74, 63, and 46 mm, respectively, during 1960-1971, 1972-1994, and 1995-2010 (Table 4) . By contrast, the precipitation change was smaller, with reductions of 5.32% and 11.23%
for the 1972-1994 and 1995-2010 periods, respectively.
The variation coefficients of inter-annual (Inter-Cv) runoff and precipitation were not significantly altered, although the inter-annual variability of runoff was higher than that of precipitation. Based on the concentration degree (CD) (Zhang & Qian ) and intra-annual variation coefficients (Intra-Cv), there is little change in precipitation but a more obvious change in runoff.
The precipitation in September shows the most dramatic change throughout the three different periods (Figure 9 ).
Maximum runoff occurred in September, September,
and October for the 1960-1971, 1972-1994, and 1995-2010 periods, respectively, and the intra-annual change is more uniform in 1995-2010 than either of the previous periods.
Changes in precipitation and runoff characteristics
Duration curves constructed with monthly runoff and precipitation in different periods in the WRB can visualize the impacts of rainfall pattern, catchment size, land use, and river engineering through the change in duration curves ( Figure 10 and Table 5 ). The change in monthly runoff declined more than precipitation at various frequencies in different periods in the WRB.
Compared with the duration curve of the [1960] [1961] [1962] [1963] [1964] [1965] [1966] [1967] [1968] [1969] [1970] [1971] period, the most remarkable change in monthly runoff duration curves occurs at the 95% exceedance probability in . Here, the curve declines by 42.02%, while precipitation increases by 28.71%. Runoff at the 50% and 5% , 1960-1971, 1972-1994, and 1995-2010 Compared with the duration curve for the [1960] [1961] [1962] [1963] [1964] [1965] [1966] [1967] [1968] [1969] [1970] [1971] period, runoff in 1995-2010 decreased by 53% and 50% for the 5% and 95% exceedance probabilities, respectively; these changes are more significant than the change in precipitation (À13.63%, À33.72%, and 66.34%, respectively).
What is responsible for the change in PRR?
The correlation between precipitation and runoff decreased for the 1972-1994 and 1995-2010 78% and 53.29% in 1972-1994 and 1995-2010 , respectively, whereas mean annual precipitation declined by only 5.32% and 11.23%, respectively. Although the change in monthly runoff is notable, there was little change in monthly precipitation. The asynchronous changes in precipitation and runoff may be the driving force behind the changes in PRR. Due to the minimal changes in precipitation, it is essential to determine the reason for the changes in runoff. To this end, the climate elasticity of runoff method (Liu & Cui ) was applied to study the impact of climate changes (i.e., precipitation and PET) and human activities on runoff reduction (Table 6 ).
Human activities are the dominant factors (84.15%) leading to decreases in runoff for the periods of 1972-1994 and 1995-2010 (84.15% and 57 .16%, respectively). Du & Shi 1960-1971, 1972-1994, and 1995-2010 in the WRB
Runoff Precipitation
Index 1960-1971 1972-1994 1995-2010 1960-1971 1972-1994 1995-2010 Average (mm) Runoff R (1960) (1961) (1962) (1963) (1964) (1965) (1966) (1967) (1968) (1969) (1970) (1971) 18.37 mm 4.54 mm 1.19 mm R 15.83 mm 3.15 mm 0.69 mm R (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) 8.62 mm 2.03 mm 0.55 mm Change ratio (1972-1994 versus 1960-1971) À13.83% À30.62% À42.02% Change ratio (1995-2010 versus 1960-1971) À53.08% À55.29% À53.78% Precipitation P (1960) (1961) (1962) (1963) (1964) (1965) (1966) (1967) (1968) (1969) (1970) (1971) 145.39 mm 40.95 mm 1.01 mm P 132.34 mm 30.63 mm 1.30 mm P (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) 125.57 mm 27.14 mm 1.68 mm Change ratio (1972-1994 versus 1960-1971) À8.98% À25.20% 28.71% Change ratio (1995-2010 versus 1960-1971) À13.63% À33.72% 66.34% were 36%, 28%, 53%, and 10%, respectively, and 64%, 72%, 47%, and 90%, respectively, from human activities. The results of our study are similar in that human activities were the main factor driving the decrease in runoff in the WRB.
Additionally, the contribution of climate changes to the 
